Abstract: OLAP and Datawarehouse (DW) systems are technologies intended to support the decision-making process, enabling the analysis of a substantial volume of data. Decision makers explore warehoused data using OLAP operators to discover new trends and/or confirm business hypotheses. In the era of Big Data, the size of warehoused data has increased substantially, and the data have become increasingly difficult to use. One of the goals of recommender systems is to help users navigate large amounts of data. OLAP recommender systems have recently been proposed in the literature because the multidimensional analysis process is often tedious because the user may not know what the forthcoming query should be. However, user satisfaction with these systems has not yet been investigated. Indeed, only time and space performances and classical information retrieval metrics (e.g., accuracy) have been studied on fictive DWs and users. Thus, this work is the first study of the usefulness of OLAP recommender systems from the decision maker's point of view. Indeed, to the best of our knowledge, although several works have proposed OLAP recommender systems, they did not evaluate them against real-world data and users. With our experiments on a spatial DW concerning agricultural energetic consummation issued from the Energetic French Project, we prove that OLAP recommendation is useful via a real-world case study and confirm the importance of these academic tools.
Introduction
One of the goals of recommender systems is to help users navigate large amounts of data. The existing recommender systems are usually categorized into content-based methods and collaborative filtering methods (Adomavicius and Tuzhilin, 2005) . Content-based methods recommend to the user items similar to the ones that interested him in the past, whereas collaborative filtering methods recommend to the user items that interested similar users. Recommender systems, regardless of the used method, are used in many different domains (e.g., Salehi (2013) ; Salehi et al. (2013) ; Suman (2013, 2014) ).
Traditional OLAP users interactively explore a cube by launching a sequence of queries over a datawarehouse (DW), which we call an analysis session (or session for short) in the following. Applying recommendation technology to databases, particularly for recommending queries, is an interesting topic (Chatzopoulou et al., 2009; Khoussainova et al., 2009) . It is of particular relevance to the domain of multidimensional databases, where OLAP analysis is inherently tedious because the user must navigate large data cubes to find valuable information, often not knowing what his/her forthcoming queries should be (Cariou et al., 2008; Jerbi et al., 2009a; Negre, 2009) .
The evaluation of recommender systems is a challenging task due to the many possible scenarios in which such systems may be deployed. Traditional evaluation metrics (e.g., Mean Absolute Error -MAE and Root-Mean Squared Error -RMSE (Willmott et al., 1985) , Recall and Precision) for recommenders are biased toward the particular techniques used to select the items to be shown, and they do not consider the main goal of any recommender: to guide the user towards useful/interesting objects (Herlocker et al., 2004; Hernández del Olmo and Gaudioso, 2008; Mortensen, 2007; Palanisamy and Sha, 2014; Tabaei and Fathian, 2014) .
In DW and OLAP, some works address the usability of these types of systems (Chen et al., 2000; by proposing a set of quantitative parameters, such as the number of dimensions and facts, and user-oriented satisfaction parameters. However, these oriented parameters are not adequate for establishing a framework for evaluating OLAP recommender systems for three reasons: (i) they concern the overall DW system without a special focus on querying process; (ii) they do not define user guidelines for quantifying the correctness of the recommended query; and (iii) they do not propose the parameters for conducting experiments. Thus, the contributions of this paper are twofold. First, we define a framework for quantitatively evaluating user satisfaction, by defining how users can affirm whether a recommended query is interesting, and by defining the parameters for conducting experiments (users and query categories). Second, this work is the first study of the usefulness of OLAP recommender systems (e.g., Jerbi et al. (2009a) , Negre (2009) ). Indeed, to the best of our knowledge, although several works have proposed OLAP recommender systems, they did not evaluate them against real-world data and users. With our experiments, we prove that OLAP recommendation is useful in real-world case studies. This paper is organized as follows. The next section explains some of the main concepts. Section 3 details the main components of our case study: the used datawarehouse and the evaluated recommender system. Section 4 gives our experimental protocol. Section 5 discusses some experiments and provides an interpretation of their results. Section 6 presents some related works. We conclude and draw perspectives in Section 7.
Main concepts
In this section, we present the main datawarehouse and OLAP and the recommender system concepts.
Datawarehouse and OLAP
Datawarehouses and OLAP systems enable the analysis of huge amount of data that have been modeled according to the multidimensional model (Kimball and Ross, 2002) . Warehoused data are stored as dimensions and facts. Dimensions represent the analysis axes, and they are organized in hierarchies with several levels. Instances of levels are called members. Facts are the analysis subjects, and they are described by numerical indicators (i.e., measures). These measures are aggregated using classical SQL functions (e.g., SUM, MIN, MAX) when moving from detailed to coarser levels using OLAP operators (Inmon, 1992) . Indeed, OLAP operators allow users to explore warehoused data by climbing and descending the hierarchies using the Roll-Up and Drill-Down operators, respectively, or selecting a subset of the warehoused data using the Slice operator.
Let us consider a retail application. The application's multidimensional model is composed of three dimensions: a temporal dimension with day, month and year levels (whose members are shown in Figure 1a) ; a spatial dimension composed of stores, cities, departments and regions (whose members are shown in Figure 1b) ; and a thematic dimension representing the products. The measure is the sales, and it is aggregated using the SUM function. Using this multidimensional model, the decision makers can ask for queries combining all the dimensions levels, such as "What is the total sales per month, product and city?" or "What is the total sales per day, product and region?". Let n be the number of levels of all dimensions. Then, decision makers are provided with 2 n possible OLAP queries. Moreover, each level can contain several members, increasing the possible warehoused data views that are needed/useful for the decision makers. Specifically, more data is stored in the DW, and more analysis possibilities are provided to the decision makers but at the same time, the DW becomes difficult to explore.
DW and OLAP systems are usually implemented using a multi-tier relational architecture. The first tier is the datawarehouse tier, which handles the complex data structures used to represent measures and dimensions (Kimball and Ross, 2002) . It is usually implemented using a Data Base Management System (DBMS) (e.g., PostgreSQL or Oracle). The second tier is the OLAP server (e.g., Mondrian or MS Analysis Services), which implements the multidimensional model and the OLAP operators. The third tier is the OLAP client (e.g., JPivot), which visualizes OLAP queries using the pivot table and other graphical displays.
The de-facto standard language for OLAP servers is MDX (Microsoft, 1998) . MDX is a language used to define OLAP queries and to provide advanced calculations.
Recommender Systems and Recommendations for OLAP
Recommender systems are a particular form of information filtering designed to present information items (e.g., movies, music, books, images, web pages) that may interest the user. Here, in our multi-user context, the goal is to present MDX queries that may be interesting for a user session of queries. To define the recommended queries, we use an analogy with Web search, where it has been shown that what is seen at the end of a session can be used to enhance further searches. Indeed, even in our case, it makes sense to consider that if the session ended on this particular query, it is because the user found something of interest. We adopt this point of view and simply define a recommended query to be the last query of a candidate session. The best recommendations are the recommended queries that are the closest to the last query of the current session in the sense of a distance between queries.
We consider the retail application of the previous subsection and suppose that each year, the same queries concerning the total sales per month, product and city; per trimester, product and department; and finally, per year, product and region are launched. If a user launches for a new year a new query, such as the total sales per month, product and city, the recommender system could, for example, recommend as a recommended query the query of the total sales per year, product and region. This recommendation can be very useful to the new user, especially if the user does not know what an appropriate query might be, what data compose the datawarehouse, or if there is too much data and the user does not know where to start his/her analysis.
Case study
In this section, we introduce the DW application and the recommender system used in our evaluation. 
Energetic datawarehouse
The utilized DW was conceived in the context of a French national project, Energetic. This project aims to integrate energetic data about agricultural farm activities to produce referential Life Cycle Assessment values and to manage energetic consummations (Bimonte S., 2014) . Figure 2 presents the conceptual schema of the spatial DW. The measures used are the area worked (surface_w), the amount of product (input represented with "intrant", and output denoted with "extrant") used during work or no work (denoted with "w" and "nw", respectively), the duration in hours, and the distance traveled (distance_w and distance_nw). The measures are aggregated using the sum and average over all dimensions.
The eight dimensions are as follows: Campaign -production cycles expressed in years (e.g., wheat produced in 2009); Time -classical temporal dimension, in which days are grouped by month and year; and Products -the input and output (intrant and extrant) products (the products are grouped recursively into larger classes of products); Operators -people who perform the operation; Equipment -machines and tools used; Location -the spatial dimension that groups plots by farm, department, and region; Productions -type of production (e.g., wheat); and Technical Operations -the technical operations performed, which are grouped by functions.
Using this spatio-multidimensional model, it is possible to represent and aggregate energetic values according to different analysis axes, such as the fuel consumption per plot, technical operation, year, and production.
The data are collected by means of manual files and sensors and are stored in the Spatial DBMS PostGIS, which provides native support for storing and querying spatial data.
The SOLAP Server used in our approach is GeoMondrian. GeoMondrian is a full-featured SOLAP server that defines spatio-multidimensional concepts using an XML mapping file with a relational schema and that supports MDX, which is the de-facto standard query language for OLAP servers. We visualize queries using the SOLAP client MAP4DECISION with the XMLA web services on top of GeoMondrian. MAP4DECISION allows one to explore aggregated views of information, interactively drill down to obtain more detailed views, dynamically intersect different themes of interest, and instantaneously obtain statistical charts, diagrams, and thematic maps.
For example, the MDX query corresponding to the crosstab displayed in Figure 5 
RecoOLAP
The goal of the utilized recommender system, RecoOLAP (Giacometti et al., 2008 (Giacometti et al., , 2009 Negre, 2009) , is to help the user navigate the data cube. As an answer, RecoOLAP exploits what the other users did during their previous navigations as a basis to recommend to the current user what his/her next query could be. Thus, it is a generic framework that recommends MDX queries and that uses the server log, i.e., the set of previous sessions launched to navigate the data cube and the sequence of queries of the current session.
The principle, as illustrated Figure 3 , consists of the following: (1) Pre-treating the log; (2) Generating candidate recommendations by searching the log for sessions matching the current session, and subsequently predicting what could be the next query; and (3) Ranking the candidate recommendations in an pertinent manner for the user.
This framework is generic because each of these steps is parameterized with one of more functions. By changing these parameters, the way recommendations are computed changes. For example, according to Negre (2009) , the possible parameters are (but are not limited to) (i) Two pre-treating functions, one using the k-medoid algorithm, and the other one being the identity; (ii) Two matching functions, one allowing for sessions matching the current session and the corresponding position in the log session (i.e., subsequences) and the other one returning the most similar session(s) (using the Levenshtein distance (Levenshtein, 1966) between sessions) and, five session representatives: successor, last, union, intersection or medoid; (iii) Two ranking methods for candidate queries, one based on the proximity between the query to be recommended and the query representing the current session (using the distance between queries 1 d γ queries ), and the other one based on the user profile.
Four combinations/types of recommendations have previously been validated from an objective point of view (according to Negre (2009) 
Experimental protocol
The traditional frameworks for the evaluation of recommender systems focus on algorithmic performance. In this paper, we focus on user satisfaction; specifically, we According to Chen et al. (2000) , we have identified two main questions that reflect the user satisfaction based on the system behavior: Question 1. Does the recommended OLAP query represent information similar to that in one of the current analytical session and with good precision, i.e., pertinent information? Question 2. Is the response time of the recommendation system tolerable ?
The proposed evaluation framework is based on these two main questions and is performed by diverse users on different OLAP queries, as described in Section 4.1.
Question 1 is used to evaluate whether the recommendation is associated to similarity and to evaluate the recommendation semantic performance of the system. Question 2 (response time) is important because OLAP queries should be resolved in a short time to enable an interactive analysis. Question 2 is a Boolean question, where 1 indicates a time lower than the tolerable response and 0 indicates otherwise.
OLAP is an explorative process; thus, the response time must be less than 10 seconds for an OLAP query.
In Table 2 , our evaluation framework for OLAP recommendation systems is presented. 
Users and queries
The DW developed in the Energetic project can provide answers to questions from two types of users: Farm managers and Life Cycle Assessment (LFC) practitioners. These two categories of users have different Information Technology skills and decision-making needs. Because recommendations are addressed to users with different profiles (Chen et al., 2000) , it is mandatory to evaluate our proposal against different types of decision makers to determine whether the quality of the recommended queries depends on user skills. Then, in our framework, we identify two types of users: Skilled and Unskilled. Skilled users are decision makers with OLAP and/or information system knowledge.
Moreover, OLAP analysis on DW can be performed in different ways. For example, from the perspective of farm managers, a useful OLAP (i.e., (aggregated) indicators) query would be the number of interventions by culture. For LFC practitioners, questions about life cycle assessment inventories are important. For example, it may be interesting to know how much is required to weed a plot of wheat and the average consumption of fuel required to weed the entire farm per year. In particular, LFC experts use the DW to compare LFC reference values for some technical operations (e.g. plowing) with warehoused data. These queries are characterized using only a subset of DW dimensions because LFC reference values are not available, for example, per operator, equipment, month and plot. Those queries require aggregate queries along some dimensions. An example is shown on Figure  4 where the LFC expert is interested in the fertilization technical operations. We call this type of queries "LFC queries".
The other two types of queries are defined by farm managers to improve their energetic consummations. The first type of queries concerns the analysis of energies used for the User × Query Skilled Unskilled Aggregated queries Detailed queries (Figure 5 ). We call these types of queries "Farm Intrant queries" and "Farm time queries", respectively. These queries are defined using two particular measures and using all dimensions of the DW because detailed dimension levels are needed. Let us note that "LFC queries" and "Farm Intrant queries" are defined on the same measure (intrant_measure), but the dimension levels are different. In summary, OLAP analysis can be performed in two ways: Aggregated queries (e.g., LFC queries) and Detailed queries (e.g. "Farm Intrant queries" and "Farm time queries"). Testing our recommendation framework against these three types of queries is necessary to evaluate the generic character of our proposal.
Semantic ranking evaluation system
To quantify the semantic goodness of the recommended query 2 we have defined four categories of values from 0 to 3. A value of 0 is assigned by users to recommended queries that they consider to be completely useless, and a value of 3 is associated with queries that are well suited to the decision makers' needs. Because users provide their Figure 7 : Highest recommendation rank evaluation (3) example evaluation without any quantitative parameter, to keep the ranking evaluation system usable by decision makers, we have decided to only use 4 classes because in this way, the ranking task can be easily performed by our users.
Let us now show some examples of user evaluation scores. Figure 6 shows an example for a score of 0. In this scenario, the farmer is analyzing the performances of operators looking for "duree" measure and the recommended query uses the intrant measure, which is not interesting for him.
In contrast, in the same analysis scenario, a score of 3 is associated with queries with the "duree" measure and with detailed dimension levels (especially the operator dimension), as shown in Figure 7 . Finally, it is important to note that we have asked users to evaluate recommended queries by only considering dimension levels involved in the queries because our framework does not consider measure values. For this reason, the query in Figure 7 is ranked with the best value even if the measure value does not present any value.
Experiments and results
In this section, we detail the data used in our study and the system architecture that we tested. Then, we interpret the results of the pertinence analysis that we conducted on the instantiations on the given data with our system.
Log and current sessions
The used recommender system, RecoOLAP, requires a data cube and a set of sessions over this cube as input. The used cube is the one corresponding to the Energetic DW presented in Section 3.
The log containing a set of (previous) sessions was obtained by logging sessions of queries launched on our cube by some users (these users are presented in Section 4.1). Our log is composed of 7 sessions, where each session contains between 7 and 23 queries.
Each current session is launched by a current user (which has the same expertise as the users presented in Section 4.1). We have 10 current sessions (2 sessions for each of the 5 possibilities) navigating different parts of the cube, where each current session contains between 1 and 3 queries. Table 3 lists the 5 analytical sessions that we have evaluated. 
System
The log and current sessions are launched, logged and treated using RecoOLAP. First, each query launched by a user on the data cube is logged into the DBMS Postgres (PostgreSQL, 2013) via the OLAP server Mondrian (Pentaho, 2013) , which obtains an answer. Then, the query sessions of the previous users are logged in a log of sessions of queries. The session of queries of the current user, called the current session, and the sessions in the log are loaded into the application that generates the recommendations: RecoOLAP . During the recommendation process, RecoOLAP accesses the OLAP server Mondrian. Finally, the system outputs to the current user the ordered set of recommendations. Queries are launched and displayed by the user through JPivot. This application is developed in Java using JRE 1.6.0-27, Postgres 9.1.10 and Mondrian 3.3.0.14703. All tests are conducted with a core i5-2520M (2.5 Ghz × 4) with 8 GB of RAM using Linux Ubuntu 12.04.
Pertinence analysis
What we want to test is the pertinence for the user of the recommended query. In this section, we focus only on Question 1 because Question 2 (response time) has already been evaluated as being good in Negre (2009) using a quantitative variable measured in seconds. Thus, given the data cube and the log presented in Section 5.1, the system recommends a query per current session (also presented in Section 5.1) launched by one of the current users. Then, the user gives a score between 0 and 3 to the recommended query outputted by the system. We test each current session with each instantiation presented in Section 3.2: ClusterH, ClusterSP, EdH and EdSP, with 3 possible γ values (γ = 0, γ = 0.5 and γ = 1) that are used in the distance between queries (d γ queries ). The analysis was conducted for each type of query and for each type of user (cf. Table  3 ). Figure 9 displays the satisfaction scores given by LFC users for their two corresponding 3 . Note that for session 1, the best combination seems to be ClusterH with γ = 1. For session 2, the best combination seems to be EdH and EdSP. Figure 10 displays the average (AVG) and standard deviation (STD) values for the satisfaction scores given by LFC users for their two corresponding sessions. Then, this analysis is associated with skilled users and aggregated queries in our evaluation framework. For LFC users, globally, EdH and EdSP seem to provide more pertinent results: ClusterH and ClusterSP rarely arise, and using the Hamming distance or the distance based on the shortest path in a graph does not impact the performance. Note that for other types of users and queries, the obtained results are quite similar as shown on Figure 11 . Figure 11 displays the average (AVG) and standard deviation (STD) values of the scores given to the set of current sessions for each instantiation and for each γ. We remark that for instantiations using a clustering algorithm (ClusterH and ClusterSP), the AVG is better when γ = 0. Similarly, for instantiations using the Levenshtein distance (EdH and EdSP), the AVG is worst when γ = 1 and equivalent when γ = 0.5. Therefore, we can conclude that, on average, the more relevant results are obtained when γ = 0 and that the Hausdorff distance allows, alone, one to obtain the best relevance (the distance based on the dimensions contributes negatively to the distance between queries).
We also remark that for instantiations using a clustering algorithm (ClusterH and ClusterSP), on average, the results of ClusterH are quite similar to those of ClusterSP. This also holds true for the instantiations using the Levenshtein distance: the results of EdH are quite similar to the ones of EdSP. Therefore, we can conclude that using a distance between members based on the shortest path, or on the Hamming distance, does not seem to impact the relevance of the recommendations. This conclusion which is quite unexpected (because the distance based on the shortest path considers some specific characteristics of OLAP, such as the hierarchies), can be explained by the fact that the hierarchies of our DW are parent-child relations.
Finally, with all current sessions merged, the best AVG is obtained with EdH (γ = 0 or γ = 0.5), then with EdSP (γ = 0 or γ = 0.5). Furthermore, the lowest STD is obtained with EdH (γ = 0 or γ = 0.5), then with EdSP (γ = 0 or γ = 0.5). We consider that we have a good relevance when the AVG is high and when the STD is low. Therefore, we can conclude that the instantiations using the Levenshtein distance (EdH and EdSP) propose the more relevant recommendations. This conclusion based on real-world data are in accordance with that of Negre (2009) on synthetic data.
In our experimental protocol, we have only asked decision makers to rank recommended queries using four values to grant an easy evaluation of their satisfaction, because no research has defined what a useful recommended OLAP query is. Thus, in this paper, by analyzing the score defined by the users of the OLAP queries provided by the system, we have been able to define a generic framework to represent the level of satisfaction for an OLAP query.
We have remarked that most of the time, the lowest value of 0 is assigned when the recommended query does not contain the wanted measure. This means that the recommended query is not at all similar to the current analytical session. A value of 3 is given when measures and dimension members are present in the recommended query; specifically, the recommended query achieves a "good precision" or level of detail. A value of 1 is provided when the measure is present but when no interesting dimensions are proposed. Finally, a value of 2 is assigned when the measure is present and when interesting levels are also found in the recommended query. It is important to note that the precision of the recommended query is defined by the involved dimensions, levels and members. Therefore, we can conclude that a good recommended query is a query that is very similar to previous ones.
In light of these conclusions, we can claim that EdH with γ = 0 seems to be the instantiation that returns the more relevant recommendations.
Related Work
Recommender systems are a particular form of information filtering designed to present information items (e.g., movies, music, books, images, web pages) that may interest the user.
Recommender systems have been studied in many fields, including cognitive science, information retrieval (Baeza-Yates and Ribeiro-Neto, 1999; Salton, 1983) , web (BaezaYates et al., 2004; White et al., 2007) , e-commerce (Schafer et al., 2001) , and web usage mining (Baeza-yates et al., 2005; Srivastava et al., 2000) . The problem of recommendation can be summarized as the problem of estimating scores for items that have not been seen by a user. Indeed, the number of items and the number of users of the system can be very important; therefore, it is difficult for each user to see all items or that each item is evaluated by all users. It is thus necessary to estimate scores for items that have not yet been evaluated.
Intuitively, this valuation is usually based on the scores given by a user to other items and on other information that is formally described below. When it is possible to estimate the scores for items that have yet to be evaluated, the items with the highest scores may be recommended to the user.
However, some works have focused on recommendations in the field of databases (Chatzopoulou et al., 2009; Khoussainova et al., 2009; Stefanidis et al., 2009 ) and proposed methods and algorithms to assist the user. There is also research in the field of datawarehouses analyzed by OLAP queries. Among these (see and (Negre, 2009 ) for a detailed study), some focused on exploiting user profiles and preferences (Bellatreche et al., 2005; Jerbi et al., 2009b) , and others focused on the discoveries made during analyses (Cariou et al., 2008; Sarawagi, 2000) as well as on exploiting logs containing sequences of queries previously run by other users on the same cube (Chatzopoulou et al., 2009; Giacometti et al., 2008 Giacometti et al., , 2009 Giacometti et al., , 2011 Sapia, 1999; Yang et al., 2009 ). More recently, Romero et al. (2011) proposed a multidimensional algebra for describing analytical sessions.
In the literature, some work has been performed on evaluating several aspects of DW and OLAP systems. For example, Serrano et al. (2007) defined metrics for the analysis of the understandability of multidimensional schema. Nagpal et al. (2013) and defined some more general metrics for testing warehousing phases, from ETL to multidimensional schema. Finally, Aligon et al. (2014) studied similarity measures for OLAP sessions. This work is very close to our proposal because the authors provided an experimental comparison of different similarity measures from decision maker's point of view and used quantitative metrics. However, this evaluation was not conducted on a realworld DW and by real decision makers, and it did not clearly explain why recommendation and similarity are related. Specifically, this study did not explain why a recommended query is pertinent if it is similar to previously defined OLAP queries.
In our work, we have addressed with these two limitations using the Energetic project for our evaluation by proving that the pertinence of a recommended OLAP query is essentially defined by its similarities as discussed in Section 5.3.
Conclusion and future work
In this paper, we define a framework for evaluating user satisfaction with OLAP recommender systems , and we present an application of this framework to the OLAP recommender system RecoOLAP, which has previously proven its performance on synthetic data, on an agricultural energetic consumption datawarehouse, Energetic.
With our experiments on a spatial datawarehouse concerning agricultural energetic consummation with different types of users and queries, we prove that OLAP recommendation is useful via a real-world case study and confirm the importance of these academic tools.
To the best of our knowledge, this is the first paper to address the evaluation of user satisfaction for OLAP recommender systems.
We are aware that this preliminary work can be improved, upon, particularly via the approach to work on Goal Question Metric (GQM), to more precisely define (and without ambiguities) the questions upon which the evaluation of user satisfaction is based.
In the future, we will apply our framework to others OLAP recommender systems and datawarehouses. For example, recommender systems using user profiles could infer different feedbacks. This can help us improve our framework to better take into account the user expectations.
